Reclassification is observed even when there is no or minimal improvement in the area under the receiver operating characteristic curve (AUC), and it is unclear whether it indicates improved clinical utility. The authors investigated total reclassification, net reclassification improvement, and integrated discrimination improvement for different DAUC using empirical and simulated data. Empirical analyses compared prediction of type 2 diabetes risk based on age, sex, and body mass index with prediction updated with 18 established genetic risk factors. Simulated data were used to investigate measures of reclassification against DAUCs of 0.005, 0.05, and 0.10. Total reclassification and net reclassification improvement were calculated for all possible cutoff values. The AUC of type 2 diabetes risk prediction improved from 0.63 to 0.66 when 18 polymorphisms were added, whereas total reclassification ranged from 0% to 22.5% depending on the cutoff value chosen. In the simulation study, total reclassification, net reclassification improvement, and integrated discrimination improvement increased with higher DAUC. When DAUC was low (0.005), net reclassification improvement values were close to zero, integrated discrimination improvement was 0.08% (P > 0.05), but total reclassification ranged from 0 to 6.7%. Reclassification increases with increasing AUC but predominantly varies with the cutoff values chosen. Reclassification observed in the absence of AUC increase is unlikely to improve clinical utility. diabetes mellitus, type 2; genetic predisposition to disease; models, statistical; polymorphism, single nucleotide; risk assessment; risk factors Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; IDI, integrated discrimination improvement; NRI, net reclassification improvement.
There is increasing interest in investigating improvement in risk predictions by adding novel genetic variants to traditional risk prediction models for common diseases (1) (2) (3) (4) . Improvement of prediction of disease risk is commonly assessed by comparing the area under the receiver operating characteristic curve (AUC, or the c statistic) of the prediction models without and with these added variables of interest. AUC assesses the extent to which predicted risks discriminate between individuals who will develop the disease and those who will not (5) . Many researchers criticize AUC because this measure lacks an apparent intuitive interpretation and because even statistically significant new biomarkers yield minimal improvement in AUC (1) (2) (3) . For these reasons, AUC is considered insensitive and not suitable for assessing improvement in prediction, and the use of other measures is encouraged (6, 7) .
Currently, much attention is directed toward measures of reclassification (8) . Reclassification assesses the extent to which improvements in risk prediction models influence medical decisions. When prediction models are used for making treatment decisions, predicted risks are categorized by using clinically relevant risk cutoff thresholds. Improvement of a prediction model affects medical decisions when individuals are assigned to another category under a new model compared with the initial model. The percentage of individuals who change risk categories is referred to as the percentage of reclassification.
Several empirical studies have shown that substantial percentages of individuals are reclassified when novel risk indicators are added to prediction models (9, 10) . In some studies, reclassification was observed even when there was no or minimal improvement in AUC (6, 11) . Yet, more recently, it has been acknowledged that not every reclassification may be correct, which has led to the development of alternative measures such as percentage of correct reclassification, net reclassification improvement (NRI), and integrated discrimination improvement (IDI) (12) (13) (14) . These measures differ predominantly in their definition of correct reclassification. Reclassification can be considered correct when the observed risk in a reclassified group falls within or is closer to the new risk category (12, 13) but also when individuals who will develop disease change to a higher risk category and those who will not change to a lower risk category (14) . Another difference between the measures is that IDI is a global measure of correct reclassification over all possible cutoff values and, in that sense, is comparable to the AUC, whereas the other measures assess correct reclassification for specific cutoff values.
Measures of reclassification are increasingly used in studies investigating the added value of genetic factors beyond traditional risk factors (Table 1) (2, 12, 15, 16) . Remarkably, these studies tend to put stronger emphasis on reclassification than on AUC, particularly when reclassification is observed in the absence of improved AUC (2, 15) . It is not clear whether reclassification reflects improvement in risk prediction when AUC does not change.
In this study, we investigated the relation between AUC and various measures of reclassification for different DAUC and for all possible risk cutoff levels; we used empirical data from the Rotterdam Study and simulated data. In the Rotterdam Study, we compared risk predictions for type 2 diabetes based on age, sex, and body mass index with predictions based on these factors plus 18 genetic polymorphisms. In the simulated data, we additionally investigated measures of reclassification against different improvements in AUC.
MATERIALS AND METHODS

Empirical data
The design of and data collection for the Rotterdam Study have been described elsewhere (17) . In short, the Rotterdam Study is a prospective, population-based, cohort study of 7,983 inhabitants of a Rotterdam suburb of the Netherlands designed to investigate determinants of chronic diseases. Participants were aged 55 years or older. Baseline examinations took place from 1990 until 1993, and follow-up examinations were performed in 1993-1994, 1997-1999, and 2002-2004 . Between these examinations, continuous surveillance for major disease outcomes was conducted. Details on the genotyped variants and diagnostic criteria for diabetes have been published elsewhere (1, 18, 19) . Patients with a recorded diagnosis of type 1 diabetes were excluded from the present analyses. Body mass index was calculated as weight in kilograms divided by height in meters squared. Age and body mass index were obtained from the baseline assessment. The medical ethics committee of the Erasmus Medical Center approved the study protocol, and all participants gave their written informed consent.
Simulated data
To construct simulated data sets, we adopted a modeling procedure described in detail elsewhere (20) . In short, the procedure creates a data set in such a way that the frequencies and odds ratios of the genotypes and the disease risk match specified values. For simplicity, we assumed that each individual polymorphism had only 2 genotypes, one of which was associated with an increased risk of disease and the other being the referent group at baseline risk. Genetic variants were modeled as independent, whereas the joint risk of multiple genotypes followed a multiplicative risk model without any statistical interactions. For a population of 10,000 individuals, we simulated 2 prediction models. The first model was based on 20 polymorphisms, all with an arbitrary odds ratio of 1.2 and a genotype frequency of 20%, which gave an AUC of 0.61. In the second model, we added genetic markers to the first model so the increment in AUC (DAUC) was 0.005, 0.05, and 0.10. To do so, we added 1, 25, and 60 markers with the same odds ratios and genotype frequencies as in the first model. The disease risk was arbitrarily set at 10%.
Statistical analyses
In both the empirical and simulated data, predicted risks were obtained by using logistic regression analyses. In the empirical study, we constructed a prediction model for type 2 diabetes (prevalent and incident cases) based on age, sex, and body mass index and one based on age, sex, and body mass index plus 18 genetic polymorphisms, with all polymorphisms entered as categorical variables, enabling effect sizes to differ between heterozygous and homozygous carriers of the risk alleles. The population of the present analyses and the included polymorphisms have been described elsewhere (1). In the simulation study, we constructed risk prediction models based on 20, 21, 45, and 80 polymorphisms.
Cutoff values were varied between 1% and 99%, with increments of 1%. At each possible cutoff value, predicted risks were classified into 2 categories. One included individuals with a risk higher than or equal to the cutoff value; the other included those with a risk lower than the cutoff value. AUC ranges from 0.5 (total lack of discrimination) to 1.0 (perfect discrimination). The percentage of total reclassification was measured as the percentage of individuals, out of the total population, who change risk category. NRI was calculated as the sum of differences in the proportion of individuals moving up minus the proportion moving down for cases and the proportion of individuals moving down minus the proportion moving up for noncases (14) . The components of NRI indicate the net benefit of reclassification improvement in cases and noncases. Positive and negative values represent the net percentage of individuals with improved or worse classification, respectively. Overall, improvement in reclassification is indicated by an NRI significantly greater than 0 (14) . IDI was calculated as the difference in mean predicted probabilities between cases and noncases between the 2 models (14) . IDI can be seen as an improvement in average sensitivity weighted by average 1 minus specificity (14) .
Formulas for the reclassification measures used in this study are listed in the Web Appendix, which is posted on the Journal's Web site (http://aje.oupjournals.org/). Because both the cutoff levels and most reclassification measures are presented as percentages in this paper, we include zero decimals when percentages refer to the cutoff levels and one decimal when they concern the observed percentages of reclassification.
In the simulation study, reclassification measures and AUCs are presented as averages of 100 simulations. The obtained confidence intervals for AUCs and IDI were extremely small (varying the third digit after the decimal point); therefore, confidence intervals for only total reclassification and NRI are presented in this paper. Differences in AUCs were tested with Analyse-it software, version 2.20 (Analyse-it Software, Ltd., Leeds, United Kingdom (21)), which uses the method of DeLong et al. (22) for receiver operating characteristic curve analyses. Logistic regression analyses in the empirical study were performed by using SPSS software, version 15.0.1 (SPSS Inc., Chicago, Illinois). All other analyses were performed by using the R programming language, version 2.8.0 (23). AUC was obtained as the c statistic by the R function somers2, which is available in the Hmisc library of R software (24) .
RESULTS
Prediction of type 2 diabetes
The average risk of type 2 diabetes in the population was 20%. Updating prediction based on age, sex, and body mass index with 18 polymorphisms redistributed predicted risks toward more extreme values ( Figure 1A ). This redistribution improved the discriminative accuracy, which was also reflected in the AUC values. The AUCs were 0.63 (95% confidence interval (CI): 0.61, 0.65) for prediction based on age, sex, and body mass index and 0.66 (95% CI: 0.64, 0.68) for prediction based on age, sex, body mass index, and 18 polymorphisms (P < 0.001). The percentages of total reclassification varied with the cutoff values ( Figure 1B) . The maximum percentage of total reclassification was 22.5% when the cutoff value was 18%. The NRI values ranged from À0.03% (P ¼ 0.79) to 9.2% (P < 0.001) and 8.5% (P < 0.001) when the cutoff values were 4%, 13%, and 31%, respectively ( Figure 1C ). All reclassification measures were zero for cutoff values lower than 4% and higher than 78%. The IDI was 2.04% (P < 0.001).
Simulation study Figure 2 shows that risk distributions diverged with increasing AUC. Evidently, when DAUC was 0.005, the 2 distributions overlapped, but when DAUC increased to 0.05 and 0.10, the risk distribution of the updated models covered more extreme values (Figure 2A ). The percentages of total reclassification varied with the cutoff values and were higher with increasing DAUC at each cutoff value ( Figure 2B ). Total reclassification ranged from 0.0 to 6.7% (95% CI: 6.2, 7.2 at a cutoff of 9%) when DAUC was 0.005, to 27.2% (95% CI: 26.9, 27.6 at a cutoff of 8%) when DAUC was 0.05, and to 35.6% (95% CI: 35.3, 36.0 at a cutoff of 8%) when DAUC was 0.10.
NRI also varied with the cutoff value and DAUC ( Figure 2C ). When DAUC was 0.005, NRI ranged from À0.7% (95% CI: À0.8, À0.65; P > 0.05) to 1.5% (95% CI: 1.4, 1.7; P > 0.05); when DAUC was 0.05, NRI ranged from À0.015% (95% CI: À0.02, À0.01; P > 0.05) to 10.5% (95% CI: 10.2, 10.8; P < 0.001); and when DAUC was 0.10, NRI ranged from 0 (95% CI: À0.002, 0.002; P > 0.05) to 19.9% (95% CI: 19.5, 20.2; P < 0.001), depending on the cutoff value chosen.
The individual components of NRI (i.e., net benefit in cases and in noncases) varied with the cutoff value ( Figure 3 ). When DAUC was 0.10, the net benefit for cases was negative below and positive above the cutoff value of 10% (range, À9.4% (95% CI: À9.7, À9.2; P < 0.001) to 25.8% (95% CI: 25.2, 26.3; P < 0.001)), whereas the reverse was observed for noncases (range, À7.6% (95% CI: À7.8, À7.5; P < 0.001) to 28.8% (95% CI: 28.3, 29.3; P < 0.001)). IDI was 0.08% (P > 0.05), 2% (P < 0.001), and 5% (P < 0.001) when DAUC was 0.005, 0.05, and 0.10, respectively. The distribution of reclassification measures did not change when the odds ratio and genotype frequencies of the added variants were varied (refer to Web Figures 1 and 2 Figures 3 and 4) .
DISCUSSION
In this paper, we have demonstrated that the amount of reclassification depends on the increase in AUC achieved by updating a prediction model but even more on the cutoff value chosen. In the empirical study, prediction of type 2 diabetes risk based on age, sex, and body mass index improved by adding 18 polymorphisms, as indicated by the improvement in AUC (0.63 to 0.66). Yet, the percentage of total reclassification ranged from 0% to 22.5% depending on the cutoff threshold, with a maximum at cutoff values around the median of the risk distribution. The simulation study showed that all reclassification measures increased with increasing DAUC, at every cutoff value.
Our comparative analyses allowed several inferences to be drawn about the relation between reclassification measures and AUC. First, the cutoff value had a substantial impact on the amount of reclassification. For example, in our simulation study, for an increase in AUC of 0.005, 6.7% of individuals changed their predicted risk categories when Cutoff values were used to define 2 risk categories; one included individuals with a risk higher than or equal to the cutoff value, and the other included those with a risk lower than the cutoff value. NRI was calculated as the sum of differences in the proportion of individuals moving up minus the proportion moving down for cases, and the proportion of individuals moving down minus the proportion moving up for noncases. Each polymorphism has an odds ratio of 1.2 and a frequency of 20%. Disease risk is 10%, and sample size is 10,000. Percentage of total reclassification and NRI are presented as mean values obtained from 100 simulations. Cutoff values are used to define 2 risk categories; one included individuals with a risk higher than or equal to the cutoff value, and the other included those with a risk lower than the cutoff value. NRI was calculated as the sum of differences in the proportion of individuals moving up minus the proportion moving down for cases, and the proportion of individuals moving down minus the proportion moving up for noncases.
the cutoff was 9%, representing the highest amount of reclassification, but fewer than 1.0% of subjects were reclassified when the cutoff was 20%. Similarly, when the increase in AUC of the updated model was 0.10, 35.0% and 10.0% of individuals, respectively, were reclassified. In general, more reclassification was observed for cutoff values around the median of the risk distribution than for cutoff values in the tails of the distribution. Because the amount of reclassification varied with the cutoff value chosen, calculation of reclassification is meaningful only when the cutoff scores defining risk categories with different medical implications, for example, lead to different preventive or therapeutic choices. Only under the condition that cutoff thresholds are clinically meaningful would reclassification become a measure of clinical utility.
Second, when the increase in AUC was minimal (e.g., DAUC 0.005), reclassification was still observed at some cutoff values when the percentage of total reclassification was calculated, but not when NRI or IDI was calculated. When AUC does not change, the initial and the updated prediction model predict equally well or poorly. The percentage of total reclassification indicates that, at the individual level, some cases and noncases may move up and others may move down, yet IDI and NRI show no net benefit of this reclassification at the population level. Thus, when reclassification is observed in the absence of any AUC improvement, reclassification means that an updated model, compared with the initial model, simply makes different errors, not fewer errors.
Third, percentages of reclassification and NRI are calculated for specific cutoff values, whereas IDI is a summary measure over all possible cutoff thresholds. Because IDI assesses improvement in prediction across all possible cutoff values, this measure is interpreted as a weighted AUC, comparable to AUC (14, 25) . In our simulation study, changes in AUC were reflected in changes in IDI. When DAUC was 0.005, IDI was close to zero, but when DAUC increased to 0.10, IDI increased accordingly and became highly statistically significant. Because no specific clinical cutoff thresholds are considered, IDI, similar to AUC, is not a measure of clinical utility but rather of clinical validity.
Fourth, we showed that, across the range of cutoff values, NRI followed a bimodal distribution ( Figure 2C ), which is explained by the differences in the net benefit for cases and for noncases (Figure 3) . When a single threshold is used and this threshold is lower than the disease risk, reclassification is markedly improved for noncases and slightly worsened for cases. At cutoff values higher than the disease risk, reclassification is markedly improved for cases and worsened for noncases. In the above example, where the disease risk was 10%, NRI had 2 peaks corresponding to the maximum net benefit among noncases, when the cutoff was 6%, and the maximum net benefit among cases, when the cutoff was 16% (Figure 3 ). When it is more important to avoid unnecessary treatment (i.e., because of expensive intervention and serious side effects) of individuals who will not develop the disease, a threshold lower than the disease risk should be considered; when it is more important that all at-risk individuals who might develop disease receive preventive interventions (i.e., because of a significant impact on outcome and safe interventions), a threshold higher than the disease risk may be chosen. Therefore, information on improvement in risk prediction for cases and noncases separately may be more valuable than the global NRI measure.
Finally, reclassification measures did not change when the same DAUC was realized by fewer genetic risk factors with higher allele frequencies and stronger odds ratios (Web Figures 1 and 2) . However, the distributions of reclassification measures were different when the AUC of the starting model was higher (Web Figures 3 and 4) . When the AUC of the starting model was higher, reclassification was observed over a wider range of cutoff values. Therefore, the amount Cutoff values were used to define 2 risk categories; one included individuals with a risk higher than or equal to the cutoff value, and the other included those with a risk lower than the cutoff value.
of reclassification observed for any given DAUC and cutoff threshold varied with the magnitude of the AUC because the underlying risk distributions of cases and noncases are more spread out (Web Figures 3A and 4) .
Analyzing reclassification for all possible cutoff values suggests that the optimal cutoff value could be based on its impact on medical decisions. However, the choice of the optimal cutoff value will be determined by weighing benefits and harms of false-positive and false-negative decisions. In addition, the number of risk categories should be determined by clinical considerations, namely, the number of available preventive treatment strategies. For our empirical study on type 2 diabetes, there were no guidelines on clinically useful risk categories. Whereas a previous study on reclassification of type 2 diabetes risk arbitrarily considered 3 risk categories, defined by 2 cutoff thresholds (16), we used only 1 risk threshold. It is important to note that percentages of reclassification will be higher when more cutoff values are used (13) .
In recent empirical studies, reclassification is often given stronger emphasis than AUC (6, 13), but our findings clearly demonstrate that these measures provide different information. For a prediction model to be a useful tool for clinical practice or public health, the model should have both appreciable clinical validity and clinical utility. Because AUC and IDI are not calculated for specific clinical thresholds, both measures reflect the clinical validity of a test. Percentages of total reclassification and NRI do vary with the choice of cutoff values for given levels of IDI and AUC improvement. AUC and reclassification measures provide complementary information about improvement in risk prediction.
